Psychological sense of community (PSOC) has been defined as people's feelings of belonging, of significance to one another and to groups, and as shared belief that their needs will be met through their relationships (McMillan & Chavis, 1986) . Sarason (1974) , whose ideas were central to this definition, observed that a lack of PSOC was too often experienced by people in groups and communities, and that a lack of PSOC could be a destructive force in people's lives. Addressing its consequences and its prevention, he argued, should be a major goal for researchers working to enhance people's health or well-being in the context of the many different environments and social systems in which they live their lives.
Although often studied in neighborhoods or other geographically-based settings (Powell, 2015) , PSOC has been examined in a variety of collaborative contexts, particularly university-community partnerships. Examples include case studies of partnerships between university-based urban design studios and municipal planning agencies in Columbia, China, and Germany (Pizarro, 2015) , research on the capacity-building efforts of university-community partnerships in rural Pennsylvania and Egypt (Forden & Carrillo, 2015) , and an evaluation of a university-community partnership that was focused on redressing health disparities in Missouri (Majee, Goodman, Vetter-Smith & Canfield, 2016) . These studies described how PSOC was essential to the success of the partnerships because it served as the foundation on which people sustained their engagement and cooperation over time to address their common problems.
Efforts to develop a theory of PSOC have focused on identifying and explaining different dimensions of the construct (McMillan & Chavis, 1986) , as well as describing the expected direction (i.e., positive or negative) and form (i.e., direct or indirect) of relationships between PSOC and other conceptually relevant variables (Mannarini, Rochira, & Talò, 2014; Neal & Neal, 2014; Nowell & Boyd, 2010; 2014) . McMillan and Chavis (1986) , for example, identified and explained unique dimensions of PSOC. These included: (1) needs fulfillment, a perception that members' needs will be met by the community; (2) group membership, a feeling of belonging or a sense of interpersonal relatedness; (3) influence, a sense that one matters, or can make a difference, in a community and that the community matters to its members; and (4) emotional connection, feelings of attachment or bonding with others that are rooted in shared history, place or experiences.
Several context-specific, quantitative instruments also have been developed to assess PSOC in studies of university-community partnerships. The Sense of Community Index (SCI) was developed to assess the impact of the Block Booster Project Florin, Chavis, Wandersman & Rich, 1992) , and it was published in Perkins, Florin, Rich, Wandersman, and Chavis (1990) . This project was funded by the Ford Foundation to create a partnership between the Citizens Committee for New York, a nonprofit organization that provided technical assistance to block associations, and university-based researchers. The SCI was used in a longitudinal evaluation that examined outcomes of block associations. It was administered to members of block associations as well as unaffiliated community residents. Results of the evaluation also were used to inform the development and testing of a technical assistance approach that was intended to enhance the capacity of block associations. Similarly, the Brief Sense of Community Scale (BSCS) (Peterson, Speer, McMillan, 2008 ) was developed to assess the impact over time of a health promotion initiative conducted in a rural county located in the Midwestern U.S. That project was funded by the Centers for Disease Control and Prevention to support the collaboration between community residents and university staff in community-based participatory research. As part of an outcomes evaluation, PSOC was assessed among community residents prior to and after the intervention in both target and comparison counties. In other studies, PSOC instruments were developed specifically to assess the construct among people who were already actively engaged in university-community partnerships. An example is the Community Organization Sense of Community Scale (COSOC) (Hughey, Speer & Peterson, 1998) , which has been used extensively in longitudinal studies of community organizing initiatives (e.g., Speer, Peterson, Armstead & Allen, 2013; Speer, Peterson, Zippay & Christens, 2010) and substance abuse prevention coalitions (Powell & Peterson, 2014) in which university researchers partnered with community residents and professional organizers to change sociopolitical and other environmental conditions that contributed to social and health disparities.
Although the empirical work to date on PSOC has been useful, theory development has received less attention from researchers (Nowell & Boyd, 2010; 2014) . Scholars have traditionally considered any theory as consisting of two fundamental and equally important parts (Bagozzi & Phillips, 1982; Blalock, 1968; Costner, 1969; Edwards, 2011) . First, consistently with the theoretical work to date on PSOC, a theory typically involves the identification and explanation of relevant constructs, as well as a description of the hypothesized relationships between constructs. Second, a theory should include the hypothesized relationships between constructs and measures (Edwards & Bagozzi, 2000) . This latter part of a theory was labeled by Blalock (1968) as the auxiliary theory.
Of critical importance to an auxiliary theory is the hypothesized direction of causality in the relationships between constructs (e.g., schematic models or conceptual terms that are intended to represent real phenomena) and measures (e.g., scores from observations or people's responses to scale items). An example relevant to the literature on university-community partnerships is that of alcohol intoxication. Several researchers have described the development of university-community partnerships to address the potentially harmful consequences of alcohol intoxication (e.g., Davis, Jason, Ferrari, Olson, & Alvarez, 2005; Ozer, & Wright, 2012; Smith, Wise, Rosen, Rosen, Childs & McManus, 2014) . As an example of an auxiliary theory, Diamantopoulos (2011) discussed alternatives for how researchers might conceptualize the construct of alcohol intoxication in relation to its measures. One way would be to consider alcohol intoxication as a cause of that which an instrument measures; for example, people's symptoms of feeling intoxicated after they had consumed various amounts of alcohol (i.e., if one is intoxicated, a measure would be conceptualized to capture intoxication as reflected in respondent perceptions or symptoms). Conversely, researchers might conceptualize alcohol intoxication as being formed by, or as a result of, what an instrument is measuring. This could involve observing the amount of actual alcohol consumed, the variety of different types of alcoholic beverages consumed, or the pace with which alcohol is consumed. It would be hypothesized that the level of alcohol intoxication would be indicated by the amount of alcohol consumed.
An auxiliary theory is particularly useful because it serves as the basis for the specification of measurement models that can be tested empirically to (dis)confirm researchers' conceptualizations or operationalizations of constructs (Sajtos & Magyar, 2015) . Of vital concern is the possibility that a particular instrument, when tested from one theory, could be judged as invalid; whereas the same instrument, with the appropriate measurement model that is based on an alternate theory, could be found valid. For instance, Flaherty, Zwick, and Bouchey (2014) have called for abandonment of the SCI because the hypothesized measurement model did not provide an adequate fit to the data from samples of participants. We assert, however, that the SCI may in fact be found to be valid if tested using the correctly specified measurement model that is based on an explicit auxiliary theory. Misspecification of measurement models can also result in Type I or Type II errors when researchers test relationships between measures of particular constructs and those of other relevant variables. The estimation of the relationships between the SCI and other variables, such as neighboring behavior, may be much stronger when tested using the appropriate measurement model than they are when tested using a misspecified measurement model. Unfortunately, no prior work has systematically addressed auxiliary theory development for PSOC. This situation is not unique to research on PSOC. Miguel, Ornelas, and Maroco (2015) and Peterson (2014) , for example, discussed the lack of auxiliary theory development for the construct of empowerment. Several explanations have been offered for the failure to consider issues that are relevant to this crucial aspect of theory (e.g., Bollen & Davis, 2009 ). One explanation is that much of our training in measurement has been based on an implicit assumption of a particular direction of causality between constructs and measures, which has led to an emphasis on the use of procedures such factor analysis and Cronbach's alpha even when they are not appropriate. A second, and related, explanation is that researchers are often uncertain about how to deal with the technical challenges involved with achieving statistically identified structural equation models in tests of particular auxiliary theories that assume a different direction of causality between constructs and measures. Although neglected, an auxiliary theory is vital to development of the knowledge base for PSOC because it provides the means through which researchers can carefully and intentionally bridge their abstract ideas with concrete reality and generate a theory that is amenable to more precise observation and scrutiny. There are several issues for researchers to consider as they begin the work of auxiliary theory development for PSOC.
Considerations in Developing an Auxiliary Theory
The most basic issue to consider in developing an auxiliary theory for PSOC is the direction of causality between the construct and its measures (Willoughby, Holochwost, Blanton, & Blair, 2014) . As stated previously, one approach is to conceptualize a construct as a cause of its measures. Reflective measurement is consistent with this approach in which measures are viewed as manifestations or reflections of an underlying construct (Bollen, 1989; Nunnally, 1978) . Examples of PSOC studies adopting a reflective measurement perspective include those that applied confirmatory factor analysis to test scores from scales designed to assess different dimensions of PSOC (e.g., Barati, Samah, & Ahmad, 2012; Wombacher, Tagg, Bürgi, & MacBryde, 2010) . Instruments based on reflective measurement are often referred to as scales (Diamantopoulos & Winklhofer, 2001) , and researchers frequently use techniques that are consistent with classical test theory, such as reliability estimation or confirmatory factor analysis, to evaluate scores that are derived from scales (Streiner, 2003a; Worthington & Whittaker, 2006) .
In contrast, another approach is to conceptualize measures as causes or defining characteristics of a construct (Bollen & Lennox, 1991; Streiner, 2003b) . Formative measurement is consistent with this approach in which scores are viewed as inducing or forming a construct (Bollen & Davis, 2009) . Examples of studies that have explicitly applied a formative measurement perspective are not present in the PSOC literature, but may be found in the literature on socio-economic status (SES) (Hardin, Chang, Fuller, & Torkzadeh, 2011) . These studies often consider SES as a construct that is formed by a combination of education, income or occupation. As noted by Nunnally and Bernstein (1994) , researchers generally consider people as lower or higher in SES because they have less or more education or income; variations in people's education or income are not generally thought to occur because they have lower or higher SES. Instruments based on formative measurement are often referred to as indexes, such as an SES index, and researchers have recommended criteria involving indicator collinearity and criterion validity to assess the quality of indexes (Diamantopoulos, Riefler, & Roth, 2008 ).
The differences between reflective (scale) and formative (index) perspectives can be seen more clearly in their distinctive measurement models. Figure 1 illustrates the application of these measurement models to PSOC. The models in this figure incorporate the conventions used in structural equation modeling to depict latent variables or PSOC constructs (represented by circles), observed variables or PSOC measures (represented by rectangles), as well as the hypothesized direction of the relationships between PSOC constructs and PSOC measures (symbolized by arrows). As can be seen in Figure 1 , researchers applying a reflective measurement perspective to develop scales that assess PSOC would view the relationship as emanating from the construct and directed toward observed measures, suggesting that variation in a PSOC construct would lead to variation of PSOC measures. This model implies that reflective measures of PSOC would be hypothesized as strongly correlated since they represent the same underlying PSOC construct. Alternatively, as shown in Figure 1 , researchers applying a formative measurement perspective to develop indexes to assess PSOC would view the relationship as emanating from the observed PSOC measures and directed toward the PSOC construct, suggesting that variation in PSOC measures would lead to variation in the PSOC construct. The curved, double-headed arrows in the formative model in Figure 1 indicate that there may be some correlation between the formative measures of PSOC due to their relationships with the PSOC construct; however, unlike reflective measures which are expected to be highly correlated, there is no expectation of strong correlations between formative measures (Hardin et al., 2011; MacCallum & Browne, 1993) . Moreover, proponents of this measurement perspective (e.g., Diamantopoulos & Siguaw, 2006) consider strong correlations between formative measures as a crucial shortcoming, similar to multicollinearity in regression analysis (Peterson, Gischlar & Peterson, 2017) . Reflective (Scale) Formative (Index) Figure 1 also includes the equations that are implied by the application of reflective and formative measurement perspectives, respectively. These equations are based on the work of Bollen and Lennox (1991) , who described mathematically the differences between these measurement models. The measurement model for PSOC in Figure 1 implies an equation where Yi is a reflective PSOC measure, the Greek letter xi (ξ) refers to its associated PSOC construct (e.g., the emotional connection dimension of PSOC), and the Greek letter lambda (λ) refers to the effect of ξ on Yi. The Greek letter epsilon (ε) refers to the error term of Yi, representing measurement error. This equation indicates that PSOC measures from items in a scale, such as people's scores from the BSCS representing the extent to which they agree or disagree with statements like "I feel connected to this partnership 1 " (Peterson, Speer, & McMillan, 2008, p. 71) , are a function of their true scores on the underlying trait or state, plus measurement error. In this example, the underlying state is the emotional connection dimension of PSOC (i.e., feelings of attachment or bonding with others based on shared history, place or experiences) as defined by McMillan and Chavis (1986) . Because models based on this perspective indicate that measures are caused by constructs, reflective measures are also referred to as effect indicators (Bollen & Lennox, 1991; Edwards, 2011) .
As opposed to the reflective model in Figure 1 , the formative model implies an equation where Xi are formative PSOC measures, the Greek letter eta (η) refers to the associated PSOC construct, and the Greek letter gamma (γi) refers to the effect of Xi on η. The Greek letter zeta (ζ) refers to the residual, which is considered that part of η that is not explained by Xi. This equation indicates that individuals' levels on a PSOC construct are a function of their scores from the PSOC items. For example, the SCI (Perkins et al., 1990) and Sense of Community Index -2 (SCI-2) (Abfalter, Zaglia, & Mueller, 2012; Chavis, Lee, & Acosta, 2008) include items that seem to have been developed from a formative measurement perspective. Items from these instruments also were designed to assess the emotional connection dimension of PSOC as described in the McMillan and Chavis (1986) theory. One such item in the SCI-2 was worded: "Members of this partnership have shared important events together, such as holidays, celebrations, or disasters" (Abfalter et al., 2012, p. 403) . As an index, the scores derived from this and other items of the SCI-2 may be considered not as reflecting an underlying construct but rather as forming it. Because models based on this approach imply that constructs are caused by their measures, formative measures are also referred to as causal indicators (Blalock, 1964; Bollen & Davis, 2009; Hardin et al., 2011) .
The measurement perspective that researchers apply to the development of their instruments has important implications for their studies of PSOC, particularly for issues of dimensionality, internal consistency reliability, and validity (Diamantopoulos et al., 2008; MacKenzie, Podsakoff, & Podsakoff, 2011; Streiner, 2003b) . Dimensionality refers to whether measures are hypothesized as representing a single dimension of a construct or multiple dimensions of a construct (Bollen & Lennox, 1991; Willoughby et al., 2014) . Reflective measures that are derived from items in a scale, or subscale, are assumed to be unidimensional, with each item redundantly capturing the essence of the construct (Peterson et al., 2017) . For example, in the BSCS, which also was designed to assess each dimension of PSOC as conceptualized by McMillan and Chavis (1986) , two items were included in a subscale to assess needs fulfillment: "I can get what I need in this partnership" and "This partnership helps me fulfill my needs" (p. 71). As stated earlier, needs fulfillment is a dimension of PSOC that was defined by McMillan and Chavis (1986) as a perception that members' needs will be met by the community. The scores from these two BSCS items were hypothesized as representing one underlying construct (i.e., the dimension of needs fulfillment). As can be seen in this example, items that assess a single dimension are designed with the same theme. As a result, reflective measures can be considered as conceptually interchangeable (Jarvis, MacKenzie, & Podsakoff, 2003) . This implies that deleting a particular item from this subscale of the BSCS would not change the overall meaning of the construct of needs fulfillment. Instruments developed in this way can have what DeVellis (2016) described as useful redundancy, which refers to multiple items in a scale having the same meaning but are not worded or structured in quite the same way.
Contrary to reflective measures, formative measures are assumed to be multidimensional. Instruments developed from this perspective are comprised of items that are designed to capture different features or dimensions of a construct (Peterson et al., 2017) . The SCI-2 (Chavis et al., 2008) , for example, also included several items to assess needs fulfillment. Example items are: "When I have a problem, I can talk about it with members of this partnership" and "Partnership members and I value the same things." These items each appear to involve different features of needs fulfillment. Because formative measures are not hypothesized as representing the same underlying construct, they cannot be considered as conceptually interchangeable. This implies that deleting a particular formative measure would change the overall meaning of the construct (MacKenzie, Podsakoff, & Jarvis, 2005) . In addition, redundancy among items that are developed using this perspective is viewed as undesirable (Jarvis et al., 2003; Petter, Straub, & Rai, 2007) , and researchers advocating for the use of formative measures generally recommend that redundant items are eliminated during the index development process (Diamantopoulos & Siguaw, 2006; Diamantopoulos & Winklhofer, 2001 ).
Scales and indexes also differ in ways that have important implications for internal consistency reliability. Because reflective measures are viewed as representing the same underlying dimension and as interchangeable, they also should be strongly correlated (Jarvis et al., 2003; Worthington & Whittaker, 2006) . Higher correlations among measures will result in estimates of stronger internal consistency reliability, such as coefficient alpha (Cronbach, 1951) . Applied specifically to research on PSOC, internal consistency reliability can be regarded as a characteristic of scores from an overall PSOC scale or subscale that was administered to a particular sample (Streiner, 2003a) . It refers to "the extent to which a sample's patterns of responses to items or objects are consistent or repeatable across items" (Helms, Henze, Sass, & Mifsud, 2006, p. 632) . Likewise, the loadings (λi) shown in Figure 1 that involve the strength of the relationships between PSOC measures and the underling PSOC construct, and which can be determined using confirmatory factor analysis, would be stronger as a result of stronger relationships between reflective measures (Bollen, 1989; Roberts & Thatcher, 2009) .
One important caveat is that estimates of internal consistency can be influenced greatly by the length of an instrument (Cortina, 1993; Lord, Novick, & Birnbaum, 1968) . More specifically, scores from instruments with greater numbers of items will have higher coefficient alphas. Cortina (1993) , for example, showed convincingly that scores from an instrument with six items and a weak average item correlation of .30 had a coefficient alpha of .72. When Cortina (1993) increased the number of items to 12, which is the same number of items included in the SCI (Perkins et al., 1990) , the coefficient alpha increased to .84; and, when the number of items was increased to 18 items, the coefficient alpha increased to .88. This phenomenon explains why scores from indexes such as the onefactor SCI (Perkins et al., 1990) could have coefficient alphas ranging from .69 to .80 (Long & Perkins, 2003) or why scores from the one-factor SCI-2, which has 24 items, could have a coefficient alpha of .94 (Chavis et al., 2008) . Scores from instruments with substantial numbers of items that are weakly correlated can produce high coefficient alphas.
Formative measures from an index are not required to correlate because they are hypothesized as representing different features of a construct (Bollen & Lennox, 1991; Willoughby et al., 2014) . Consequently, neither reliability estimation (i.e., internal consistency) nor confirmatory factor analysis are appropriate for testing formative measures (Howell, Breivik, & Wilcox, 2007; Streiner, 2003b) . Because many of the items from the SCI (Perkins et al., 1990 ) and the SCI-2 (Chavis et al., 2008) appear to have been developed from a formative measurement perspective, it is imperative for researchers studying PSOC to recognize that estimates of internal consistency reliability are not appropriate for evaluating scores from these instruments. This issue also can have important implications for item development (Peterson et al., 2017) . When researchers apply a reflective measurement perspective, items are viewed as sampled from the same conceptual domain and are constructed to have the same meaning (Bollen & Lennox, 1991) . When a formative measurement perspective is applied, each item is intentionally developed to capture a unique aspect of the construct, and researchers have to consider the inclusion of items that fully represent their conceptualization of the construct and which are non-redundant (Petter et al., 2007) .
Researchers developing scales or indexes to assess PSOC also must consider the different criteria that are recommended to evaluate the validity of measures. The validity of reflective measures that are derived from PSOC scales can be evaluated, in part, by empirically testing the fit a measurement model similar to that presented in Figure 1 (Bagozzi, Yi, & Phillips, 1991; Roberts & Thatcher, 2009) . Validity is determined by the extent to which the reflective PSOC measures represent the PSOC construct as indicated by a good fit of the model to data from a sample. It also has been suggested that researchers using confirmatory factor analysis to examine the degree of correspondence between a construct and its measures apply specific criteria for loadings (e.g., λi greater than .60) (DiStefano & Hess, 2005) , with higher loadings indicating greater validity of reflective measures. Although model-to-data fit is similarly important to establishing the validity of formative measures, the criteria proposed also involve issues of collinearity, prediction of a criterion variable(s), and the residual (ζ) in Figure 1 (Diamantopoulos et al., 2008; MacKenzie et al., 2005) , with a smaller proportion of variance in the PSOC construct attributed to the residual indicating greater validity.
Empirical Example Demonstrating the Differences between Reflective and Formative Measures
We reanalyzed original SCI data (Perkins et al., 1990 ) from the Block Booster Project to provide an empirical example that demonstrates the differences between reflective and formative measures and the implications of model misspecification. We used data from Time 1 only and included cases (n = 546) with complete data for all of the items used in our analysis. In addition to the original SCI, we analyzed the five-item neighboring behavior scale (NBS) used by Long and Perkins (2003) , who also reanalyzed the original SCI data, and the two-item perceived safety scale (PSS) used in the original Block Booster study. These items are shown in the Appendix. Because of the method bias resulting from the mixed use of positively and negatively worded items that has been shown with the SCI (Peterson, Speer & Hughey, 2006) and other measures of PSOC (Stevens, Jason, Ferrari, Olson & Legler, 2012) , we excluded negatively worded items from this analysis. All analyses were performed using structural equation modeling procedures of Amos 23.0. Maximum likelihood procedures were used for all models.
Our focus was on testing reflective and formative models of the SCI. Our objective was to determine which of the models provided the best fit to the data. As can be seen in Figure 2 , three specific models were tested: Model 1, a reflective model of the one-factor SCI; Model 2, a reflective model of the SCI predicting the NBS and PSS; and, Model 3, a formative model of the SCI predicting the NBS and PSS. We tested a one-factor model of the SCI in Models 1 and 2 because Perkins et al. (1990) introduced the SCI as a unidimensional scale. In addition, because formative measurement models must be tested within a larger model to achieve identification (Petter et al., 2007) , we included the NBS and PSS with reflective measures in the model that included the SCI with formative measures. We also included the NBS and PSS in Model 2, as well as in Model 3, in order to demonstrate how the estimated relationships between the SCI and the NBS and PSS can differ based on model specification. Figure 2 . Models tested as an empirical example demonstrating the differences between reflective and formative measures. Items of the Sense of Community Index (SCI), Neighboring Behavior Scale (NBS) and Perceived Safety Scale (PSS) are in the Appendix.
Model 1 Model 2 Model 3
Importantly, we found that Model 3 in Figure 2 was underidentified. The topic of model identification in structural equation modeling is complex and involves "the extent to which a unique set of values can be inferred for the unknown parameters from a given covariance matrix of analyzed variables that is reproduced by the model" (Byrne, 2010, p. 34) . A vital issue is whether there are enough data points (i.e., variances and covariances of the observed variables) to estimate the number parameters (e.g., regression coefficients between latent and observed variables) in a particular model. Underidentified models are those in which the number of parameters to be estimated is greater than the number of data points available to the researcher. As stated previously, formative measurement models must be tested within a larger model to achieve identification. However, there was an additional identification issue with Model 3 that involved the scaling of the latent SCI variable. In a structural equation model, each latent variable must be assigned a scale for the model to be identified. Generally, a researcher can scale a latent variable by setting the factor loading for a reflective measure to one. This approach can be seen, for example, in Model 1 in Figure 2 , which shows that the path from the latent SCI variable to SCI1 has been set to one. In our Model 3, however, there is not a reflective measure for the latent SCI variable. In this case, "a researcher may scale the latent variable by setting the latent variable's path to another latent variable to one" (Bollen & Davis, 2009, p. 502) . We, therefore, addressed the issue of underidentification in Model 3 by setting the path from the latent SCI variable to the latent NBS variable to one.
The fit indices that we interpreted are considered to be robust measures of model-to-data fit. These included the discrepancy chi-square (X 2 ), the X 2 / degrees of freedom (df) ratio, the Goodness of Fit Index (GFI), the Comparative Fit Index (CFI), the Tucker-Lewis Index (TLI) and the Root Mean Square of Error Approximation (RMSEA). Although the X 2 statistic is reported, we acknowledge that it is often considered too stringent and an unrealistic standard. To interpret the fit indices, non-significant X 2 values, X 2 / df ratios less than 2, and higher values (i.e., greater than .95) on the GFI, CFI and TLI indicate acceptable fit, while smaller RMSEA values are desirable. According to Browne and Cudeck (1992) , guidelines for interpreting the RMSEA include: <.05 = good fit; .05 to .08 = acceptable fit; .08 to .10 = marginal fit; > .10 = poor fit.
Prior to testing the reflective and formative models of the SCI, we conducted two analyses. First, we tested the fit of the hypothesized onefactor reflective models for the NBS and PSS to the data from the sample, and we computed estimates of their internal consistency reliability. We found that these measurement models for the NBS and PSS provided a good fit to the data, X 2 (13) = 17.440, p = .180; X 2 /df ratio = 1.342; GFI = .991; CFI = .994; TLI = .990; RMSEA = .025 (90% CI = .000, .052).
Cronbach's alphas for the NBS and PSS were .75 and .64, respectively. Second, we estimated the relationship between the observed, composite scores of the SCI, NBS and PSS. Composite scores were computed as the mean of items in each instrument. Our interest was in comparing the proportion of variance explained in the NBS and PSS by the SCI in this analysis with the results of our structural equation modeling. In this analysis, the observed variable for SCI was found to be a significant predictor of both observed variables, with a standardized regression coefficient of .22 (p < .001) and a squared multiple correlation (R 2 ) of .05 for the observed NBS variable, and a standardized regression coefficient of .20 (p < .001) and a squared multiple correlation (R 2 ) of .04 for the observed PSS variable.
Results of our structural equation modeling are shown in Table 1 and Figures 3 and 4. As can be seen in Table 1 , the one-factor reflective model for the SCI provided a poor fit to the data. The X 2 value was statistically significant, the X 2 /df ratio was greater than the threshold of 2, and the TLI and CFI values were below the .95 cutoff. The GFI was at the .95 threshold. In addition, the RMSEA for Model 1 was .090, indicating a marginal model-to-data fit. Similarly, Model 2, which included a reflective model of the SCI predicting the NBS and PSS with reflective measures, also provided a poor fit to the data. For Model 2, the X 2 value was again statistically significant, X 2 /df ratio was greater than the threshold of 2, and the GFI, TLI, and CFI values were below the .95 cutoff. The RMSEA value was.054, however, indicating a good model-to-data fit for Model 2. Overall, however, five of the six fit indices indicated that Model 2 failed to provide a good fit to the data. Although this model did not fit the data, we present more detailed results of the analysis in Figure 3 . In that model, the R 2 was .07 for the latent NBS variable and the R 2 was .11 for the latent PSS variable. All other values are squared multiple correlation coefficients. All of the standardized regression coefficients for paths between the NBS and PSS items and latent variables, as well as those values for paths between latent variables, were statistically significant (p < .001). Two of the standardized regression coefficients corresponding to SCI items were statistically significant, SCI4 (p < .05), and SCI6 (p < .001), while the value for SCI3 approached significance (p = .052) Figure 4 shows additional results for Model 3, including correlation coefficients (r), standardized regression coefficients, and squared multiple correlation coefficients. Figure 4 also shows the relationship between the latent SCI variable, which was formed by scores from the index, and the latent NBS and PSS variables. As can be seen in Figure 4 , 11% of the variability in the latent NBS variable was explained. This proportion of variability in the NBS that was explained in Model 3 (R 2 = .11) was larger than that which was explained in Model 2 (R 2 = .07), as well as that which was explained when we examined only the observed variables representing the SCI and NBS (R 2 = .05). Likewise, the proportion of variability in the PSS that was explained in Model 3 (R 2 = .19) was larger than that which was explained in Model 2 (R 2 = .11), as well as that which was explained when we examined only the observed variables representing the SCI and PSS (R 2 = .04). Furthermore, the correlations between SCI items that are shown in Figure 4 indicate that they were, in general, weakly correlated. These correlations ranged from the lowest (r = .11) between SCI2 and SCI3 to the highest (r = .47) between SCI1 and SCI5 and (r = .47) between SCI7 and SCI8. The majority of these correlations (i.e., 17 of the 28 correlations between the SCI items) that are shown in Figure 4 were below .20. These findings are consistent with our expectations and support the validity of formative measures. However, only a few of the SCI items were significant predictors of the latent SCI variable. In addition, SCI items explained only 65% of variability in the latent SCI variable (R 2 = .65). Those paths between items and the latent SCI variables that had relatively strong standardized regression coefficients included SCI3 ("I can recognize most of the people who live on my block"), SCI4 ("I feel at home on this block"), and SCI6 ("If there is a problem on this block people who live here can get it solved"). These findings suggest that the validity of the SCI could be improved by the addition of items which may more fully form the construct.
Conclusions
The decision to apply a particular measurement perspective to PSOC should be driven by theory (i.e., the auxiliary theory), which clearly specifies the direction of the relationship between a construct and its measures (Edwards & Bagozzi, 2000) . Heretofore, auxiliary theories have not been addressed systematically in research on PSOC nor university-community partnerships. Perhaps because of this oversight, researchers of PSOC have frequently used indexes in their studies of the construct while relying on procedures consistent with classical test theory (e.g., estimation of internal consistency reliability, confirmatory factor analysis) to analyze scores from these instruments (e.g., Abfalter et al., 2012; Carrillo, Welsh, & Zaki, 2015; Chavis et al., 2008; Chipuer & Pretty, 1999; Flaherty, Zwick, & Bouchey, 2014; Lindblad, Manturuk, & Quercia, 2013; Long & Perkins, 2003; Obst & White, 2004; Perkins et al., 1990; Peterson, Speer, & Hughey, 2006; Stevens, Jason, & Ferrari, 2011; Townley et al., 2013) . When providing direct tests of the validity of the SCI, many of these researchers found, as we did with Model 1 and Model 2 in our results, that the hypothesized reflective model of the SCI did not adequately fit their data, and some have called for abandonment of the SCI based on these findings.
Our results also showed that when a formative model of the SCI was tested, it provided a good fit to the data from the sample of participants. Moreover, our reanalysis of original SCI data demonstrated that several problems can result from the misspecification of measures. One critical problem is that formative measures from indexes that are judged as invalid may actually be found to be valid when tested using appropriate methods. Another problem can involve the bias that is introduced when researchers attempt to estimate the relationships between PSOC and other theoretically relevant variables. Several studies (i.e., Jarvis et al., 2003; MacKenzie et al., 2005; Petter et al., 2007; Taing, Johnson, & Jackson, 2010) have shown how large Type I or Type II errors can occur when constructs that are modeled appropriately using a formative measurement perspective are misspecified and modeled using a reflective measurement perspective. Using Monte Carlo simulation, MacKenzie et al. (2005) showed that the misspecification of measurement models can inflate parameter estimates by as much as 400% or deflate parameter estimates by as much as 80%. Our results were consistent with these findings. These issues can have crucial implications for research on university-community partnerships and other interventions that aim to promote PSOC, as well as research that tests associations between PSOC and other conceptually relevant variables.
We assert that knowledge of university-community partnerships in general, and PSOC in particular, can be improved by the development of auxiliary theories and, consequently, greater clarity about the differences between scales and indexes and how each is uniquely specified and validated. This paper provides an introduction to readers about these issues and offers a tangible way to improve research in these areas. We contend that a theory of PSOC (or any other construct of interest to researchers studying university-community partnerships) is incomplete without an auxiliary theory. In particular, a construct assessed using a reflective measurement perspective may not necessarily be the same if it is assessed using a formative measurement perspective. Diamantopoulos (2011) demonstrated this point with the example of the construct of alcohol intoxication, which was discussed earlier in this paper. He described alcohol intoxication as a construct that could be measured reflectively, such as assessing people's symptoms of feeling intoxicated after they had consumed various amounts of alcohol, or formatively, such as observing people's actual consumption of different types of alcoholic beverages. Although either measurement perspective could be used in the assessment of alcohol intoxication, Diamantopoulos (2011) argued that the construct assessed using reflective measures could be more accurately labeled as self-perceived alcohol intoxication. The construct assessed using formative measures could be more accurately labeled as behavioral consumption of intoxicating beverages. This example also demonstrates that constructs themselves are not inherently reflective or formative (Baxter, 2009; MacKenzie et al., 2011) , but rather can be defined differently based on the auxiliary theory. This issue is especially relevant to PSOC. The construct of PSOC that is assessed using an instrument such as the BSCS may be quite different than that which is assessed using the SCI or SCI-II, and theory should be developed to explain these differences.
There are several limitations to our discussion of scales, indexes, and auxiliary theory development for PSOC, which should be acknowledged. First, our discussion was limited to a focus on the relationships between measures and first-order constructs. It should be recognized, however, that the principles we described can be generalized to higher-order multidimensional models for PSOC (Peterson, 2014) . In these types of models, dimensions also can be hypothesized as relating to more general (i.e., higher-order) constructs either reflectively or formatively (Law & Wong, 1999; MacKenzie et al., 2005) . Second, our discussion was limited to introductory issues involving reflective and formative measurement perspectives on PSOC. There has been considerable debate about the limitations of the application of formative measurement to the assessment of first-order constructs (e.g., Bagozzi, 2007; Edwards, 2011; Iacobucci, 2010) . Our purpose here is not to advocate for a particular measurement perspective; rather, our goal is to clarify for readers the distinctions between scales and indexes and describe implications of researchers' measurement choices. Third, our analysis of the SCI was limited by the particular variables we used to achieve statistical identification of our formative measurement model. As stated earlier, a formative measurement model must be tested within a larger structural equation model to achieve statistical identification. We included the NBS and PSS as criterion variables in our analysis to address this issue. It should be recognized, however, that the strength of relationships between formative measures and a latent construct can be influenced by the particular criterion variables used to achieve statistical identification (Howell et al., 2007) . Finally, our analysis was also limited by its focus on a version of the SCI that included a dichotomous response-option format. Researchers should attempt to replicate our results with other versions of the SCI that include types of response-option formats which can increase variability of measures.
Theoretical work is required to improve research on PSOC and universitycommunity partnerships. Auxiliary theories that advance our understanding of the directional relationship between PSOC constructs and associated measures must be improved. Without increasing attention to the alignment of evaluation methods with the conceptualizations anchoring PSOC instrument development, our science will be substandard. Researchers, editors, and reviewers all share in the responsibility for strengthening our conceptual and empirical efforts. Given the absence of explicit consideration of auxiliary theory in relation to PSOC in the past, it is incumbent for scholars to carefully and straightforwardly articulate their measurement perspective, and to provide direct justification for their particular conceptualizations in relation to PSOC. Contributions that enhance PSOC and the university-community partnerships we seek to promote require this kind of commitment.
